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In recent years, the phenomenon of housing vacancy rate (HVR) has attracted considerable attention, especially concerning
unjustified expansions of Chinese cities./e aforementioned trend is disadvantageous in that it will ultimately lead to tremendous
wastage of valuable land that could otherwise be more productively utilized. Consequently, the methods for accurately de-
termining the HVR are of great importance. Based on nighttime light data from the Luojia 1-01 nighttime light imagery provided
by Wuhan University in June 2018 and the building data obtained from the Resources and Environmental Sciences Data Center,
we estimated the HVRs of 49 cities in China by determining the building areas and considering the floor height. /e results
revealed that (1) the lowest (15%) and highest (24.3%) HVRs occur in Shenzhen and Nanning, respectively. (2) /e urban HVR
correlates positively with the three production structures (0.3143) but is significantly negatively correlated with population
(0.3841), GDP (0.6139), and urban average housing prices (0.5083). (3) /e first-tier, new first-tier, and second-tier cities showed
the lowest (16.9%), relatively concentrated (20.5%), and highest (21.3%) average vacancy rates, respectively. (4)/e vacancy rate is
relatively low in the eastern coastal areas, whereas high in the northeast and western inland areas. /e proposed method can help
urban planners by identifying vacant areas and providing building information.

1. Introduction

China’s economy has increased substantially due to the
global development [1]. Since the reform and opening up
phase, China’s urbanization rate has increased approxi-
mately three times [2]. China’s rapid economic development
has garnered global attention; however, the associated social
problems cannot be ignored [3, 4]. /e real estate industry
has made a considerable contribution to the process of rapid
economic development [5]. /e normal operation of the
housing market results in vacant housing. /e vacancy rate
of 5% is generally regarded as the upper limit of the natural
vacancy rate. Vacancy rates that greatly exceed this critical
value are indicative of low market conditions and low land-
use efficiency [6, 7]. In 2010, the Time magazine published a
report titled “Ordos, China: A Modern Ghost Town,” which
publicized the term “ghost city” and caused tremendous
repercussions. In the book titled “Ghost Cities of China,”
new project developments with considerably less population

and enterprises than available space are referred to as ghost
cities [8]. At present, the land required for agriculture and
forestry has decreased significantly, whereas that required
for construction has increased annually [9–11]. /erefore,
the growth rate of modern infrastructure, such as housing,
far exceeds the actual needs of urban residents, resulting in
an unreasonable expansion of cities, which is the reason for
the ghost city phenomenon [12–15]. Previous reports refer to
ghost cities as cities with high housing vacancy rates (HVRs),
which can be defined as large construction areas or cities
with low population densities and residential occupancy
rates [16]. Consequently, the emergence of “ghost cities”
directly led to the irrational pattern of land use. /erefore,
the exploration of the limitations of the ghost city phe-
nomenon is advantageous to the healthy development of
cities in the future.

/eHVR in China has increased as a result of the increase
in urban expansion for economic development. Conse-
quently, HVR is a topic that is being discussed by people from
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diverse backgrounds. Cohen et al. used the Markov model to
study the temporal and spatial changes in the United States
HVR [17]. Kim and Kim utilized eight independent variables
and one dependent variable to analyze the factors influencing
the rural vacancy rate in South Korea [18]. In recent years, the
development of remote sensing technology has demonstrated
that urban vegetation is closely related to the HVR [19, 20].
Remote sensing technologies can be used to detect large areas
of vacant houses [21]. Nighttime light (NTL) data, which are
typical remote sensing data, are highly correlated with human
activities and have been widely used to analyze various social
activities and urbanization processes [22–24]. In 2013, Zheng
et al. used a multisource remote sensing data set to dem-
onstrate the quantitative evaluation of ghost cities at the
county and district levels in the Yangtze River Delta; they
confirmed that the phenomenon of ghost cities causes ap-
parent clustering in space [25].

Early research on HVRs and ghost cities focused pre-
dominantly on questionnaire surveys, housing ratios, re-
mote sensing technologies, or other auxiliary data [26–28].
Andrew DePietro, a Forbes contributor, published a list of
ten United States cities with a high risk of a housing crisis in
2019. Takashi Nakamura used the data on vacant houses and
apartments in 35 urban centers to analyze the vacancy
situation of urban centers and apartments in Japan [29]. A
standard ranking institution and Investment Times jointly
released a list of the top 50 ghost cities in China in 2014 and
2015, based on the ratio of the urban population to the built-
up area [30]. Most remote sensing technologies use NTL
data. For example, Chen et al. used the NPP/VIIRS data and
land cover data to propose a method to estimate the HVR
and evaluate and verify 15 urban areas in the United States
[31]. Du et al. used Jilin1-03 satellite data with a high spatial
resolution to estimate the HVR with a step-wise multivariate
linear regression model [32]. Li et al. analyzed the change in
the rural HVR based on the rural electricity consumption
index by determining the threshold value [33]. Based on
original data obtained from social media, Williams et al.
developed a calculation model for the residential housing
utilization rate [34].

China does not have official statistics on the HVR,
which is a major indicator of the practicality of urban
planning [35]. In 2017, the Survey and Research Center
for China Household Finance (CHFS) of Southwestern
University of Finance and Economics reported that the
HVRs in China’s first-tier, second-tier, and third-tier
cities were 16.8%, 22.2%, and 21.8%, respectively [36].
Except for the first-tier cities, the reported vacancy rates
in other cities were higher than that in 2015. /e natural
vacancy rate in China is 9.8%, which is less than the actual
vacancy rate [37].

Previous studies on the HVR and the ghost city index
have proposed various methods, most of which have the
following limitations. (1) /e use of urban built-up areas is
extremely challenging. Although certain light sources can be
removed from nonbuilt-up areas through threshold ex-
traction, these methods are not adapted to local conditions.
Moreover, the light sources generated by nonbuilding data
such as parks and roads in urban areas are not completely

eliminated [38]. (2) /e construction areas in cities include
areas other than the land-use area. /us, the methods do not
consider the actual coverage information of the building
[31, 39]. Consequently, we propose the use of Luojia 1-01
data combined with building data from the Chinese
Academy of Sciences Resource and Environmental Science
Data Center to extract and establish a model to simulate the
ghost city index of 49 cities in different regions.

Herein, we quantify the urban HVR through the Luojia
1-01 data and building data from the perspective of geo-
graphical divisions and the city level. Furthermore, we
analyze the spatial patterns and the corresponding driving
factors by combining the four socioeconomic indicators of
population, urban average housing prices, gross domestic
product (GDP), and three production structures. Our re-
search objectives were to (1) preprocess the Luojia 1-01 and
building data, determine the nonvacant areas by the
threshold value, and analyze the HVR in each city; (2)
analyze the driving factors of the HVR by using Pearson
correlations; and (3) explain the distributional differences in
the HVR by considering geographical regions and grade
cities as the research pattern, which will facilitate urban
construction and planning.

2. Study Areas and Data Sources

2.1. Study Areas. /e HVRs were demonstrated at different
socioeconomic development levels in different regions by
dividing China into western, northeastern, central, and
eastern regions based on the economy. Chinese cities were
classified into the following six groups: first-tier, new first-
tier, second-tier, third-tier, fourth-tier, and fifth-tier. /is
subdivision was done in accordance with the five-dimension
index of the 2019 China City Business Charm Ranking,
namely, the industrial resource concentration, urban hubs,
civic population activity, diversity of lifestyles, and future
plasticity [40]. More specifically, there are 4 first-tier cities,
15 new first-tier cities, and 30 second-tier cities. To ensure an
appropriate distribution of cities in various regions and
levels, representative cities were chosen in the different
geographical divisions, and Figure 1 and Table 1 show the 49
cities in China (first-tier, new first-tier, and second-tier
cities) that were selected for the analysis. /e patterns of the
cities in different regions and levels were used to analyze the
HVR and provide scientific suggestions for the healthy
development of cities.

2.2. Data Sources

2.2.1. Nighttime Light Imagery. Luojia 1-01 (LJ1-01) is a new
generation of the NTL remote sensing satellite that was
developed byWuhan University on June 2, 2018 [41]. LJ1-01
is the first dedicated NTL remote sensing satellite in the
world, with a 130m spatial resolution and a range of
250 km× 250 km, which enables the acquisition of the NTL
imagery within 15 days under ideal conditions [42]./e data
are freely available from Wuhan University (https://59.175.
109.173：8888/) [43]. Compared with NPP/VIIRS NTL
data, the spatial resolution of the LJ1-01 NTL data has been
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significantly improved allowing the display of more details
about the light sources, and this is of great significance for
estimating the HVR within the city scale [44]. Moreover, the
LJ1-01 data do not have limitations such as the data satu-
ration and blooming in the DMSP/OLS data [45, 46]. /e
parameters of the DMSP/OLS, NPP/VIIRS, and LJ1-01 NTL
data are shown in Table 2. /e new data can significantly
improve our ability to study artificial lighting, thereby
yielding new insights and possibilities for social develop-
ment research [47]. /e LJ1-01 NTL data have introduced
new opportunities and achievements in various fields of
social science [48]. Compared with other data sources, the
LJ1-01 NTL data have a greater resolution, which enables the
efficient removal of light sources such as roads and gives a
more accurate representation of the HVR.

2.2.2. Building Data. Residential building data were ob-
tained from the Chinese Academy of Sciences Resources and
Environmental Scientific Data Center (RESDC), and these
data included the building profiles and the number of floors
in the buildings (BF) [49, 50]. We randomly selected 500
sampling points to verify their accuracy on Google Earth.

/e data had an overall accuracy of 98% and thus could be
used to simulate the HVR.

2.2.3. Auxiliary Data. /e socioeconomic indicator data,
city ranking data, and 2018 Landsat 8 OLI data were ob-
tained from the Statistical Yearbook of each city in 2018, the
2019 China City Business Charm Ranking, and the United
States Geological Survey (USGS), respectively.

3. Method

/e method proposed in this study consists of five steps
(Figure 2). /e steps are as follows: (1) data preprocessing,
which involves geometric correction, radiation correction,
and the reprojection of the LJ1-01 NTL data and urban
building data, which was performed in each city. (2) Ex-
traction of the built-up areas. /e built-up area of each city
was determined by the threshold extraction method. (3)
Extraction of the total built-up (TB) area and the nonvacant
built-up (NVB) area. (4) Estimation of the HVR. (5) Analysis
of the influencing factors of HVR and the evaluation of the
accuracy of the model.
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Figure 1: Location of the study area.
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3.1. Data Preprocessing. Although LJ1-01 images were used
to systematically conduct the geometric correction, the
positioning accuracy was 0.49–0.93 km. /us, the accuracy
of these images was not sufficient for performing the vacancy
rate analysis. Hence, accurate geometric correction of LJ1-01
was imperative. Based on the original imagery, we used an
image map method to perform accurate geometric correc-
tion [51]. First, the Landsat 8 OLI of the original download
was used to calibrate the radiometric calibration and the

atmospheric correction; then, 30 even road intersections
were manually selected as the ground control points (GCPs).
Finally, after preprocessing Landsat 8 OLI as a benchmark
for the LJ1-01 image, remote sensing image geometric
correction was performed.

/ere was no initial radiometric correction for the LJ1-01
NTL data. Hence, it was necessary to perform radiometric
correction on LJ1-01 images [52]. /e absolute radiation
correction formula is given as follows:

Table 1: Description of specific research areas.

Region Municipality or province City China city level Sum

Eastern region

Beijing Beijing First-tier

32

Tianjin Tianjin New first-tier
Hebei Shijiazhuang Second-tier

Shandong Jinan Second-tier
Shandong Qingdao New first-tier
Shandong Yantai Second-tier
Jiangsu Nanjing New first-tier
Jiangsu Suzhou New first-tier
Jiangsu Wuxi Second-tier
Jiangsu Changzhou Second-tier
Jiangsu Nantong Second-tier
Jiangsu Xuzhou Second-tier
Jiangsu Yangzhou Second-tier
Shanghai Shanghai First-tier
Zhejiang Hangzhou New first-tier
Zhejiang Ningbo New first-tier
Zhejiang Wenzhou Second-tier
Zhejiang Jinhua Second-tier
Zhejiang Shaoxing Second-tier
Zhejiang Taizhou Second-tier
Zhejiang Jiaxing Second-tier

Guangdong Guangzhou First-tier
Guangdong Shenzhen First-tier
Guangdong Dongguan New first-tier
Guangdong Huizhou Second-tier
Guangdong Zhongshan Second-tier
Guangdong Zhuhai Second-tier
Guangdong Foshan Second-tier

Fujian Fuzhou Second-tier
Fujian Quanzhou Second-tier
Fujian Xiamen Second-tier
Hainan Haikou Second-tier

Central region

Hubei Wuhan New first-tier

7

Hunan Changsha New first-tier
Henan Zhengzhou New first-tier
Shanxi Taiyuan Second-tier
Jiangxi Nanchang Second-tier
Anhui Hefei Second-tier

Western region

Chongqing Chongqing New first-tier city

6

Sichuan Chengdu New first-tier city
Yunnan Kunming New first-tier city
Shaanxi Xi’an New first-tier city
Guangxi Nanning Second-tier
Guizhou Guiyang Second-tier
Gansu Lanzhou Second-tier

Northeast region

Liaoning Shenyang New first-tier city

4Liaoning Dalian Second-tier
Heilongjiang Harbin Second-tier

Jilin Changchun Second-tier
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L � DN3/2
× 10−10

, (1)

where L is the radiation brightness value after absolute
radiometric correction (unit: W·m−2·sr−1·μm−1) and DN is
the grayscale value of the image.

/e nighttime light imagery of the Luojia 1-01 data set
required for the experiment was extracted based on data
masking of the prefecture-level cities. /e NTL data and

building data projections were converted to Lambert pro-
jections, and the NTL data were resampled to 100m by using
the bilinear interpolation method.

3.2. Built-Up Area Extraction. /e boundary of the built-up
area primarily depends on the determination of the
threshold of NTL. /e threshold segmentation methods
mainly include an empirical threshold method, statistical

Table 2: Comparison of the parameters of different NTL images.

Satellite DMSP/OLS NPP/VIIRS Luojia1-01
Operator DOD NASA/NOAA Wuhan University
Available period 1992–2013 November 2011–present June 2018–present
Spectrum range 0.5–0.9 μm 0.5–0.9 μm 0.46–0.98 μm
Orbit height 830 km 830 km 645 km
Spatial resolution 2.7 km 742m 130m
Swath 3000 km 3000 km 250 km
Regression cycle 12 h 12 h 15 d
Saturation Saturation Not saturated Not saturated
On-board calibration No Yes Yes

Landsat8 OLI Luojia1-01 Building data

Radiation correction Geometric correction

Reprojected/resampled

Optimizing threshold
chosen

Reprojected

(1)

(2)

(3)

(4)

(5)

NTL and building data cover?

Nonvacant built-up
(NVB) area

Yes

Establish housing
vacancy rate (HVRi)

HVR of each city

Accuracy verification

Total built-up (TB)
area

Exploration of
influencing factors

POP, A-PH, GDP, T-PS

Geographical division

City level

Figure 2: Workflow chart for HVR estimation.
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analysis method, spatial comparison method, and mutation
detection method [53–56]. We used Imhoof’s proposed
mutation detection method [57]. As the threshold increased,
the perimeter gradually decreased. When added to a par-
ticular threshold value, i.e., the minimum threshold, the
urban area of the polygon plaques from the internal split and
the relatively complete polygon was split into multiple small
polygons. When the perimeter increased sharply, this value
became the optimum threshold of the built-up area.

3.3. Total Built-Up Area and Nonvacant Built-Up Area
Extraction. Earlier research has shown that the total floor
area of urban buildings is not merely the land-use area, but
the ground area of a building [58]. For city buildings taller
than 20 floors, the statistical area is ∼70% lower than the
actual floor area./us, it cannot be used as the statistical data
of the city. Using the building data provided by the RESDC
and by considering the number of floors of the buildings, the
calculation formula of building area is defined as follows:

Ai,j �  Li,j ∗Fi,j, (2)

where Ai,j, Li,j, and Fi,j represent the actual building area,
occupied land area, and number of floors, respectively.

/e total area of the built-up area can be calculated from
the building data provided by RESDC. Using the building
data released by RESDC to extract the NTL data of Luojia1-
01 can effectively remove the light sources (such as street
lights and parks) generated in nonbuilding areas. NVB areas
refer to the areas with frequent social and economic activity
and bright lights [32]. /erefore, NVB areas should meet the
requirements of land cover with built-up areas and light
intensity above the minimum threshold.

3.4. Estimation of HVR

HVRi � 1 −
NVBi

TBi

, (3)

where HVRi represents the vacancy index of the ith pixel in
the research area and NVBi and TBi represent the light
intensity values of the ith pixel of the NVB and TB,
respectively.

We analyzed the average HVR (AHVR) among various
cities to explain the difference in HVRs. /e AHVR of the
urban area can be obtained by applying the corresponding
weighted average algorithm of the vacancy rate. /e formula
is as follows:

HVR �


n

i�1HVRifi


n

i�1fi

, (4)

where HVR represents the average housing vacancy rate of a
city, HVRi represents the vacancy rate of the ith pixel in a
city, and fi represents the number of HVRi.

3.5.AccuracyVerification. /ere are differences between the
various cities, which may impact the extraction results and
HVRs [59]. Given the aforementioned problems, the

accuracy of the built-up area extraction was verified. /e
building area from the statistical announcement of the local
government in 2018 was selected, and the same workflow
chart (Figure 2) was used to verify the HVR in four sample
cities. /e four sample cities were Nanning (high vacancy
rate), Shanghai (low vacancy rate), Shenyang (high vacancy
rate in northeast China), and Zhengzhou (central China).

4. Results

4.1. Estimation of HVR. Using the above method, we cal-
culated the HVR of 49 cities in China in 2018 (Table 3).
Among the first-tier cities, the vacancy rate of Beijing is
relatively high (19.7%), whereas those of Shanghai,
Guangzhou, and Shenzhen are relatively low. /e vacancy
rate of Shenzhen is the lowest (15.0%). /e vacancy rate of
the new first-tier cities is slightly higher than that of the first-
tier cities; however, all the regions are relatively balanced.
/e vacancy rate of second-tier cities is generally higher than
that of the first-tier and new first-tier cities. Moreover, the
vacancy rate of each region is different. /e vacancy rates of
the central and northeast regions are significantly higher
than those of the eastern regions, whereas those of the
western regions are highest. /e results show that (1) from a
regional perspective, the vacancy rates in the northeastern
and western regions of the 49 cities are significantly higher
than those in other regions. (2) From the perspective of the
urban level, the vacancy rate of first-tier cities is relatively
low, followed by that of the new first-tier cities. However, the
vacancy rate is the highest in second-tier cities. (3) From the
perspective of the HVR, 40 cities revealed HVRs greater than
20%. /erefore, there are three limitations in HVRs in
China, namely, (a) regional imbalance is present, (b) the
overall level of the cities has a significant impact on the HVR,
and (3) the overall vacancy rate is high.

4.2. Analysis of the HVR-Related Factors. According to the
estimation results, the HVR of different developing cities
varies greatly. /rough the analysis of the HVR of different
developing cities using some socioeconomic factors, we can
further understand the mechanism of urban shrinkage and
revitalization. An increasing number of residents own
multiple houses as a result of robust real estate investments,
thereby leading to a rise in vacancy rates. In this section, the
following four socioeconomic factors, which are closely
related to HVR, are discussed in detail: urban population
(POP), average housing price (A-HP), gross domestic
product (GDP), and three production structures (T-PS).
Table 3 shows the standardized social factors of each city.

In Figure 3, the urban vacancy rate is positively corre-
lated with the three industrial structures, but negatively
correlated with population, average housing prices, and
GDP. /e R2 of the HVR and population is 0.3841, thereby
indicating that the increase in the population number can
reduce the vacancy rate to a certain extent. /e R2 values for
the relationship between the HVR and the average housing
price and GDP were 0.5316 and 0.6139, respectively, which
were indicative of a strong correlation. /is means that the
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better the level of urban development, the higher the
standard of living, the greater the attraction to residents, and
the lower the vacancy rate. /e R2 of HVR and the tertiary
production structure was 0.3143, thereby indicating that the
higher the proportion of the primary industry, the higher the
urban vacancy rate. Conversely, the higher the proportion of
secondary and tertiary industries, the lower the urban va-
cancy rate, particularly for higher proportions of tertiary

industries. /e higher the development speed and devel-
opment potential of the city, the lower the HVR value, and
vice versa.

Economically, when the vacancy rate rises, house prices
will fall, and there will be high amounts of housing hoarding
[60]. From the fact that the vacancy rate in most Chinese
cities is higher than 20% and given the relationship between
the vacancy rate and housing prices, we can observe that the

Table 3: HVR and standardized social factors in the cities of various regions.

China city level Region City HVR POP A-HP GDP T-PS

First-tier Eastern region

Beijing 0.197 0.186 0.599 0.303 0.4 :18.6 : 81.0
Shanghai 0.160 0.214 0.526 0.327 0.3 : 29.8 : 69.9
Guangzhou 0.168 0.129 0.400 0.229 0.9 : 27.3 : 71.8
Shenzhen 0.150 0.130 0.532 0.242 0.1 : 41.1 : 58.8

New first-tier

Eastern region

Tianjin 0.196 0.130 0.233 0.188 0.9 : 40.5 : 58.6
Qingdao 0.205 0.064 0.221 0.120 3.2 : 40.4 : 56.4
Hangzhou 0.204 0.076 0.307 0.135 2.3 : 33.8 : 63.9
Suzhou 0.191 0.082 0.200 0.186 1.2 : 48.0 : 50.8
Nanjing 0.206 0.070 0.267 0.128 2.1 : 36.9 : 61.0
Ningbo 0.208 0.030 0.203 0.107 2.8 : 51.3 : 45.9

Dongguan 0.206 0.076 0.151 0.083 0.3 : 48.2 : 51.5

Central region
Wuhan 0.203 0.089 0.167 0.148 2.4 : 43.0 : 54.6
Changsha 0.207 0.044 0.106 0.110 1.4 : 38.5 : 60.1
Zhengzhou 0.202 0.074 0.149 0.101 1.5 : 43.9 : 54.6

Western region

Chongqing 0.208 0.203 0.109 0.204 6.8 : 40.9 : 52.3
Chengdu 0.208 0.119 0.163 0.153 3.4 : 42.5 : 54.1
Kunming 0.210 0.050 0.123 0.052 4.3 : 39.1 : 56.6
Xi’an 0.202 0.074 0.122 0.083 3.1 : 35.0 : 61.9

Northeast region Shenyang 0.218 0.060 0.090 0.061 4.1 : 37.8 : 58.1

Second-tier

Eastern region

Shijiazhuang 0.205 0.069 0.164 0.061 6.9 : 37.6 : 55.5
Jinan 0.209 0.054 0.187 0.079 3.6 : 36.0 : 60.5
Fuzhou 0.195 0.054 0.290 0.079 6.9 : 40.8 : 52.9
Haikou 0.239 0.018 0.139 0.015 2.7 :14.3 : 83.0
Yantai 0.215 0.046 0.106 0.078 6.5 : 49.1 : 44.4
Wuxi 0.199 0.050 0.125 0.114 1.1 : 47.8 : 51.1

Changzhou 0.201 0.034 0.115 0.071 2.2 : 46.3 : 56.5
Nantong 0.211 0.049 0.127 0.084 4.7 : 46.9 : 48.4
Xuzhou 0.210 0.052 0.101 0.068 9.4 : 41.4 : 49.0
Yangzhou 0.211 0.030 0.108 0.055 5.0 : 48.0 : 47.0
Jiaxing 0.198 0.031 0.110 0.049 2.3 : 53.9 : 43.8
Shaoxing 0.209 0.034 0.139 0.054 3.6 : 48.2 : 48.2
Taizhou 0.210 0.039 0.125 0.049 5.4 : 44.8 : 49.8
Jinhua 0.209 0.037 0.144 0.041 3.2 : 42.6 : 53.1

Wenzhou 0.208 0.017 0.195 0.060 2.4 : 39.6 : 58.0
Quanzhou 0.205 0.058 0.131 0.085 0.6 : 57.8 : 41.6
Xiamen 0.206 0.021 0.397 0.048 0.5 : 41.3 : 58.5
Huizhou 0.212 0.033 0.100 0.041 4.3 : 57.3 : 43.0
Zhongshan 0.209 0.029 0.118 0.036 1.7 : 49.0 : 49.3
Foshan 0.208 0.049 0.130 0.099 1.5 : 42.0 : 56.5
Zhuhai 0.211 0.017 0.179 0.029 1.7 : 49.2 : 49.1

Central region
Taiyuan 0.227 0.038 0.120 0.039 1.1 : 37.0 : 61.9
Nanchang 0.205 0.029 0.121 0.053 6.9 : 37.6 : 55.5
Hefei 0.209 0.061 0.148 0.078 3.9 : 49.0 : 47.1

Western region
Nanning 0.242 0.045 0.105 0.040 10.5 : 30.4 : 59.1
Guiyang 0.232 0.037 0.097 0.038 4.0 : 37.2 : 58.8
Lanzhou 0.218 0.023 0.104 0.037 1.6 : 34.3 : 64.1

Northeast region
Harbin 0.219 0.047 0.096 0.063 8.3 : 26.8 : 64.9

Changchun 0.224 0.044 0.092 0.072 1.3 : 50.3 : 48.4
Dalian 0.220 0.051 0.125 0.065 5.7 : 42.3 : 52.0

POP, A-HP, and T-PS represent the population, urban average housing price, and three production structures, respectively.
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housing hoarding phenomenon in China is still consider-
able. /ere remains strong interest in purchasing houses,
and real estate is still regarded as an investment with fi-
nancial attributes [5]. In cities with lower housing prices, real
estate development is generally delayed, residents have
higher purchasing power, and many families own multiple
homes. To some extent, the price of the house itself is too
high, and the rent price is very low. Notably, there are
distinct differences in the rent-sale ratio of houses.

4.3. Differences in the HVR Distribution in Different Geo-
graphical Regions. Using the natural breakpoint method, the
HVRwas classified into the following five grades: low,medium-
low, medium, medium-high, and high. /e analysis shown in
Figure 4 reveals that the distribution of the HVR in different
geographical regions in China varies greatly. (1)/eHVR in the
economically developed areas on the east coast is generally
lower than that in other regions. In comparison, the HVR in the
inland areas in the west is relatively higher. (2) In the central
region, except for Taiyuan (0.227), the development of other
cities is relatively balanced, and the HVR is relatively low. (3)
/e overall vacancy rate in northeast China is more significant
than that in the whole of China, and the phenomenon of
oversupply is evident. Overall, the vacancy rate in China in-
creases from east to west and intensifies from south to north.

/e cities with HVRs greater than 20% account for 81.63%,
which still occupy the majority.

4.4. Distribution of HVR in Cities of Different Grades. /e
boxplot for the city level was analyzed to further examine
the distribution pattern of the HVR (Figure 5). Figure 5
shows that the first-tier cities of the HVR distribution are
low. Of the first-tier cities, the cities with the lowest
(15.0%) and highest (19.7%) HVR distributions are
Shenzhen and Beijing, respectively. In the urban hier-
archy, the HVR is at the lowest levels, which indicates that
the economy of the city is strong, more of the population
can be attracted to the region, the land-intensive degree is
high, and the urban development is more plausible. /e
distribution of HVR in the new first-tier cities is relatively
strong, with concentrated distribution intervals. /e
HVR of the new first-tier cities is generally higher than
that of the first-tier cities, and Shenyang (21.8%) in the
northeast region is a higher abnormal area. However,
second-tier cities have a wide distribution of HVR and a
high vacancy rate, which are mainly due to the substantial
increase in residential sales in second-tier cities. More-
over, in recent years, the shantytown reform has resulted
in more vacant houses. In general, the higher the city
level, the greater the vacancy rate.
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Figure 3: Correlation analysis between the HVR and standardized social factors: (a) population, (b) average housing price, (c) GDP, and (d)
three production structures.
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4.5.ModelAccuracyEvaluation. Table 4 shows that although
the various methods have differences, the HVR distribution
levels of the four sample cities are the same./e vacancy rate
of Shanghai may be overestimated, whereas those of

Shenyang, Zhengzhou, and Nanning may be slightly
underestimated.

As previously mentioned in Section 1, the CHFS survey
revealed that the HVRs in China’s first-tier cities are 16.8%
based on the city level, which only differs from the HVRs
calculated for our first-tier cities by 0.1%. Nationally, the
vacancy rate in the eastern coastal areas is lower than that in
the western inland areas and the vacancy rate in developed
areas is significantly lower than that in underdeveloped areas

N
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Figure 4: Distribution of HVR in different geographical regions.
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Figure 5: Boxplot of HVR in different cities.

Table 4: Verification of HVR by different threshold extraction
methods.

Sample city
Mutation detection

method
Statistical analysis

method Difference
HVR Grade HVR Grade

Shanghai 16.0% Low 15.6% Low 0.4%

Shenyang 21.8% Medium-
high 22.1% Medium-

high −0.3%

Zhengzhou 20.2% Medium-
low 20.5% Medium-

low −0.3%

Nanning 24.2% High 24.7% High −0.5%
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[36]. Furthermore, previous studies have shown that cities
with high vacancy rates are mostly inland, which is con-
sistent with our findings [61]. Overall, our new findings have
significant implications for urban planners.

5. Discussion

/e rapid development of China’s economy has led to the
rapid growth of urbanization in Chinese cities, thereby
leading to the excessive expansion of urban streets, millions
of vacant buildings, and the waste of resources [62–65]. In
the past, outdated socioeconomic statistics were used to
reflect this phenomenon in China. With the development of
remote sensing technology, data collection has becomemore
convenient [66]. More scholars have confirmed that NTL
data are firmly related to human activities [67]. Some re-
searchers postulated that HVR is an important parameter for
measuring the healthy development of the real estate market,
and the NTL data can completely show the changing law of
urban HVR [28, 30]. Building data can provide detailed data
on the city, and LJ1-01 data can be used to effectively study
the HVR when combined with building data.

/e drawing of urban built-up areas from nighttime
lighting is an extensive research topic in the NTL field;
however, the low resolution of DMSP/OLS and NPP/VIIRS
data has limited the research scale [41]. LJ1-01 provides an
NTL data source with a resolution of approximately 100m,
thereby providing more details about the light source, and
additional opportunities for exploring the development of
urbanization can be realized with such data [68]. LJ1-01 data
can more clearly identify the light sources produced by
nonbuilding data, such as parks and roads, and thus it can be
used to estimate HVRs more accurately.

Notably, we used the LJ1-01 and building data to analyze
the severity of the ghost city index of the cities in the study
area. /is method can not only remove the light sources in
nonarchitectural areas such as street lamps and parks, but
can also provide a visual means to facilitate the compre-
hension of the spatial distribution of HVRs. /e results of
this study indicate that the ghost city index of most cities in
China exceeds 20%, which is still a very high level. Con-
sequently, the quantification of the vacancy rate of each city
is of considerable significance to municipal planning and
policymaking.

6. Conclusions

Herein, geographical regions and hierarchical cities were
used as the research objects, and high-precision LJ1-01 data
combined with building data were used with detailed urban
housing information to analyze the HVR with Chinese
characteristics. /e mutation detection method was used to
extract thresholds to determine built-up areas, quantify the
urban HVRs, and evaluate the following four driving factors:
population, urban average housing prices, GDP, and three
production structures, which allows us to explore the spatial
distribution and spatial differences of HVRs. Compared with
other methods, our proposed method completely eliminated
the light sources generated in the nonbuilding areas, and the

vacancy rate can be combined with statistical data to provide
an effective method for future urban planning. /e main
conclusions were as follows:

(1) Shenzhen had the lowest HVR (15%), whereas
Nanning had the highest HVR (24.2%). /e HVR in
most Chinese cities exceeded 20%, which is a high
level.

(2) /e four driving factors of HVR, i.e., population,
average housing price, GDP, and three production
structures, were analyzed. /e correlation coeffi-
cients were −0.3841, −0.6139, −0.5083, and 0.3143,
respectively. /is shows that the higher the level of
urban development, the greater the proportion of the
tertiary industry to the city’s GDP, the greater the
attraction to residents, and the lower the HVR.
Furthermore, to a certain extent, an increase in
population can reduce the risk of a high housing
vacancy rate.

(3) From the perspective of geographical region, the
HVR in central and northeast China was signifi-
cantly higher than that in the east, and it was highest
in the west. /e north-south distribution increased
from south to north, and the east-west pattern in-
creased from the eastern coastal area to the western
inland area.

(4) From the perspective of the city scale, the HVR of the
first-tier cities was lower than that of the new first-
tier cities and second-tier cities. /e HVR of the new
first-tier cities was relatively concentrated, whereas
that of the second-tier cities was widely distributed
and relatively high.

/e LJ1-01 NTL data source only became available in
2018, and this study could only select the data from those
days onward, which was not conducive to the considerations
of the gradual change in the HVR. Moreover, due to the
spatial scale of the NTL data itself and RESDC’s currently
published building data, to ensure the distribution of cities at
all levels in each region, we only chose first-tier, new first-
tier, and second-tier cities. In view of this, we will propose
additional methods for determining conclusive results in
future research.
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